ABSTRACT Power transformers are important equipment for power systems, and a dissolved gas analysis (DGA) is widely used to detect incipient faults in oil-pregnant transformers. The conventional methods are prone to misinterpreting the gas data near the boundaries and the correct rate is low. Though a high correct rate is reported with intelligent methods as artificial neural network, support vector machine, and so on, these methods are usually too complicated to be implemented practically on a wide range. Based on clustering techniques, this paper proposes a new method for fault diagnosis of transformers with the DGA. A reference fault set is provided, and the fault diagnosis is implemented by calculating the membership of the DGA data to the reference fault set. Test with credible DGA dataset (201 field cases) shows that the correct rate of the new method is 89%, while the David triangle method is 79% and the IEC ratio method is 59%, which demonstrate the superiority of the proposed method to the conventional ones. The new method is simple and highly accurate, indicating a good application prospect in engineering practice.
I. INTRODUCTION
The oil-paper insulation system in power transformers operates under the effects of high temperature and strong electromagnetic environment, and the insulation medium can slowly decompose into a number of small molecules. The decomposition gases dissolved in oil are H 2 , CH 4 , C 2 H 6 , C 2 H 4 , C 2 H 2 , CO 2 , CO and N 2 . However, when a fault occurs, the insulation breaks down more quickly and the decomposition products will be different according to the type and severity of the fault [1] , [2] . Dissolved gas analysis (DGA) is widely used to detect incipient faults in oil-pregnant transformers. This technique involves several steps, such as taking oil samples from a transformer, removing dissolved gases from oil, determining gas component content, and identifying fault types [3] . Fault identification is a decisive step in the internal fault state determination of the transformer in DGA analysis.
Various computational and graphical methods employing gas ratios and proportions of gases dissolved in oil determined by gas chromatography have been worked out for recognizing the characteristic patterns of the dissolved gases that are associated with the main types of faults [4] , [5] . These methods available to interpreted DGA data include
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Key Gas Method, Doernenburg Ratio Method, Rogers Ratio Method, IEC Ratio Method and Duval Triangle Method, and they have been developed and validated using large sets of data for equipment in service. In these methods, the multiple numeric thresholds and gas boundaries are commonly set to classify features of the dissolved gas data. However, these thresholds and boundaries do not physically exist, and the gas data near the ratio boundaries are prone to misinterpretation. Moreover, these methods are often unable to diagnose complex faults when both thermal faults and discharge faults occur simultaneously. And at this case, if the overheat fault is more serious, it is easy to be diagnosed as an overheat fault, and vice versa. Therefore, the fault diagnosis accuracy rate of these methods is relatively low [4] , [6] . Some intelligent approaches are also available for fault diagnosis of large oil-immersed power transformers [7] , [8] , such as fuzzy logic [9] , [10] , support vector machine [11] , [12] , artificial neural network [13] , genetic programming [14] , rough set theory [15] , deep belief network [16] , etc. and good results have been claimed for those approaches. However, these methods are usually complicated, and their results depend on training data, so the research work documented in these publications become difficult to reproduce for the lack of publicly available DGA data. Therefore, intelligent methods do not implemented practically on a wide range as conventional ones. Exploring new DGA data interpretation methods is still of practical significance.
Fuzzy clustering techniques are integral components of artificial intelligence, being unsupervised classification algorithms with a wide range of applications in areas such as data mining and pattern recognition. Based on clustering techniques, this article proposes a new method for the interpretation of DGA data. A reference fault set is provided, and then the interpretation is implemented by calculating the membership of the DGA data to the fault set. Examples demonstrate the effectiveness and advantages of the present method, and it has a good application prospect in engineering practice. This paper is organized as follows: clustering techniques and reference fault sets are provided in Section 2. Section 3 describes an application example of the method. Then, Section 4 reports a detailed verification of the effectiveness of the proposed method by comparison with other conventional ones. At last, Section 5 makes a conclusion of the full paper.
II. THE REFERENCE FAULT SET OBTAINED WITH CLUSTERING
Fuzzy c-means clustering (FCM) is a renowned machine learning algorithm of unsuper-vised classification. The primitive principle of the clustering algorithms is that ''birds of a feather flock together'' and it classifies data according to their similarity. Based on the fuzzy set theory, FCM transforms the classification problem into a mathematical optimization problem with constraints. It accomplishes the fuzzy partitioning and classifying of the dataset by seeking the minimum value of the objective function. However, the similarities of the samples are measured by the reciprocal of the squared vector norm in the conventional FCM algorithm, and many local minima exist in the membership function, resulting in the complexity of the clustering spatial structure. The iterative solution of the optimization problem is essentially the ''mountain climbing'' method of the local search. In that approach, it is easy to fall into the local extreme points owing to the sensitivity of the initial value. Different clustering results will be obtained for different iteration starting points of the same dataset, which seriously affects the clustering accuracy. It is difficult to obtain data classification that conforms to engineering practice with conventional FCM. In our previous work [17] , the influence of monotonicity of the membership function on clustering analysis is examined. Accordingly, an improved membership function for FCM is constructed. This new membership function has an exponential format, eliminates the local extremes, and has excellent monotonicity, which optimizes the clustering spatial structure. Thus, the sensitivity of conventional FCM to initial value are relieved, which are essential factors for its practical application. The clustering method is as follows [17] .
The Fuzzy clustering algorithm partitions a collection of N vectors X = {x 1 , x 2 , · · · , x N } into c fuzzy groups, such that the weighted within-groups sum of the error objective function is minimized. N is the total number of data in X .
The i-th sample in X is a p-dimensional vector with p features or attributes, and x i = {x i1 , x i2 , · · · , x ip }. X contains a total of c classes. The cluster center of the j-th cluster is v j = {v j1 , v j2 , · · · , v jp }. The membership of the i-th data in the j-th cluster is u ij . The objective function for Fuzzy clustering is defined as:
where U = {u ij } denotes the membership matrix, V = {v j } is the cluster center set, and d ij denotes the distance between x i and v j .
Solve min J (U , V ) by the Lagrange multiplier and differentiating J (U , V ) to v j (for fixed u ij ) and u ij (for fixed v j ), respectively. The necessary condition for min J (U , V ) to reach its minimum is:
The iterative process is repeating (2) and (3) until a prespecified level of accuracy is obtained.
In this paper, the clustering method is used to classify a DGA dataset X = {x 1 , · · · , x 60 } with known fault types, and the reference (standard) fault set is obtained. The fault diagnosis is implemented by calculating the membership of the DGA data to the reference fault set.
More than 2,000 DGA data were collected from a large number of publicly published literatures, and screened out 60 of them as DGA dataset X . The screening process is as follows.
(1) Classify data by fault types, namely, low-, middle-, and high-temperature faults, and partial, spark, and arc discharges. Each data has five attributes: the H 2 , CH 4 , C 2 H 6 , C 2 H 4 , and C 2 H 2 content (unit: µL/L).
(2) Initialize DGA dataset X by calculating the proportion of gases related to the various faults. The H 2 content in the DGA is usually large. During the initialization process, the percentage of H 2 to H 2 and hydrocarbons, and the percentage of each hydrocarbon to the total hydrocarbons, are calculated.
(3) The mean and standard deviation of each attribute of the DGA data for each fault type are obtained; Data that differ from the mean by more than two standard deviations are eliminated. This elimination applies to five attributes of the DGA data.
(4) After multiple rounds of screening, 60 DGA data are finally left as dataset X for cluster analysis. The dataset contains six classes of 10 instances each, where each class refers to a type of transformer fault, as is shown in APPENDIX.
Classify the DGA dataset X = {x 1 , · · · , x 60 } with fuzzy clustering algorithm, and the parameters in (2) and (3) are γ = 10, m = 2, where γ is a constructed shape parameter and set by exploring and testing, and m is the fuzzy weighting exponent for FCM algorithm and set to 2 as in most literatures. The convergence accuracy is set to 10 −5 , where the convergence of each cluster is defined by the difference in the center of each cluster for two consecutive iterations.
A large number of clustering of these 60 DGA data were performed with different random initial values. Six fault classification patterns were obtained, and five of them are considered as invalid as their cluster centers coincide or two types of faults are statistically assigned to the same data set. One classification pattern is considered valid, with the subsets and fault types must form a bijective mapping for the classification process, and the cluster centers V = As shown above, Table 1 is obtained from a large amount of DGA data by screening and clustering, and they are typical chromatographic data for these six faults, namely, the proportion of dissolved gases for each standard fault. Taking the arc discharge fault as an example, its typical fault chromatographic data is: And the proportion of gases in the arc fault are: the percentage of H 2 to H 2 and total hydrocarbons is 46.97%, and the percentage of each hydrocarbon in total hydrocarbons is 25.30%, 4.50%, 32.06% and 38.14% respectively.
III. DIAGNOSTIC STEPS AND AN APPLICATION EXAMPLE OF THIS METHOD
Interpret the DGA data to be diagnosed by calculating its membership to the reference faults in Table 2 with (2), and the membership is the extent to which the data belongs to each faults. For clarity, the calculation is split into the following steps:
Step 1: Initialize DGA data by calculating the proportion of gases, the percentage of H 2 to H 2 and hydrocarbons, and the percentage of each hydrocarbon to the total hydrocarbons, are calculated;
Step 2: Calculate the distance of each gas between DGA data and the reference fault set in Table 1 ,
Step 3: Calculate the sub-similarity of each gas attribute,
Step 4: Calculate the comprehensive similarity by multiplying the five gas sub-similarities p ij = 5 h=1 p ijh ;
Step 5: Normalize the comprehensive similarity and obtain membership u ij = 2) Calculate the distance of each gas between DGA data x i and the reference fault set: d ijh = |x ih − v jh |, as is shown in Table 2 . E.g., the difference of H 2 between this DGA data and the low temperature overheating reference fault is:
|0.2675-0.3361| = 0.0686.
3) Calculate the sub-similarity of the k-th gas attribute:
ijh , as is shown in Table 3 . E.g., the sub-similarity of H 2 between this DGA data and the low temperature overheating reference fault is: Table 4 . E.g., the comprehensive similarity between this DGA data and the low temperature overheating reference fault is: 0.9540 × 0.2289 × 0.8252 × 0.8562 × 0.0152 = 0.0023.
Although there are high sub-similarities of H 2 , C 2 H 6 and C 2 H 4 between this DGA data and the low temperature overheating reference fault, the similarity of C 2 H 2 is very low, only 0.0152, so the comprehensive similarity obtained after multiplication is also low, only 0.0023. And all the subsimilarities between this DGA data and the spark discharge reference fault are fair, and the comprehensive similarity is also high, i.e. 0.5316. 5) Normalize the similarity and obtain membership degree of this DGA data to each fault:
, as is shown in Table 4 .
The results show that the fault of this DGA data is 68.95% spark discharge and 30.12% arc discharge. In view of the relevance of the spark and arc discharge, (also known as low-and high-energy discharge, respectively), the diagnosis result is consistent with the actual fault 'Sparking between HV braided connection and isolated copper tube'.
In the traditional method, such as IEC Ratio Method and Duval Triangle Method, there are strict boundaries between faults. But in reality, physical boundaries only exist between thermal fault, partial discharge fault, and discharge fault. Although the thermal faults were divided into low-, mid-, and high-temperature overheating with divisions of 300 • C and 700 • C, the differences between them are not physically clear, and neither is the difference between spark and arc discharge (also known as low-and high-energy discharge, respectively). Therefore, it is more reasonable to interpret DGA data with membership degree, rather than simply being interpreted as a single one. In this way, the problem of misjudgment near the boundaries is avoided, and the diagnosis of the composite fault is also expected.
IV. COMPARISON WITH OTHER CONVENTIONAL METHODS

A. SELECTION OF COMPETITOR FOR COMPARISON
The conventional methods available to interpreted DGA data include Key Gas Method (KGM), Doernenburg Ratio Method, Rogers Ratio Method, IEC Ratio Method, Duval Triangle Method and Mansour Pentagon Method, and they have been developed and validated using large sets of data for equipments in service. Among them, the Key Gas Method charts look simple, but they are not widely accepted as reliable diagnostic tools power transformers, and studies based on an IEC data bank inspected transformers shows that only 42% of KGM diagnoses are correct [4] . Inconsistencies and low success rate for correct faults type identification have also been reported for Rogers Ratio Method [19] , [20] . Faiz and Soleimani [6] and Abu-Siada and Hmood [21] investigated the accuracy of conventional methods for transformer diagnosis based on DGA data obtained from oil samples of real transformers and the comparison results shows that the David Triangle Method yields out good results among these conventional techniques. Therefore, the David Triangle Method is selected as a comparison object to verify the effectiveness of the proposed method.
IEC Ratio Method has a wide range of applications worldwide [2] , and Chinese standard regards it as the preferred method for transformer fault identification [22] . So this method is also incorporated for comparison.
Mansour Pentagon Method is firstly introduced in [23] and [24] in recent years. This method was built using a pentagon shape with its heads representing the percentage concentration of each individual gas to the total combustible gases. Compared to the David triangle method (only CH 4 , C 2 H 4 , and C 2 H 2 are considered), the Mansour Pentagon takes into consideration of another two important gases, namely ethane (C 2 H 6 ) and Hydrogen (H 2 ), and good diagnosis accuracy has also been claimed. It is also incorporated for comparison.
B. THE DGA DATA SOURCES
The data set used in this article has four sources. One is the IEC TC 10 Databases, which had been used for the revision of Publication 60599 [18] . This data set contains a total of 117 filed data, with the faults reliably identified by visual inspection of the equipment after the fault occurred in service. The second source [25] of this paper including 39 cases of faults simulated in the laboratory, 22 of which are thermal faults and 17 are discharge faults. Another data source [22] is an appendix to the China's power industry standards DL/T722-2014, including 17 filed cases. The last dataset [17] includes 28 field DGA, and these data were from the book-Typical Cases: Application of Grid Equipment Status Detection Technology (2011-2013) [26] , published by the Operation and Maintenance Department of the Chinese State Grid Corporation, which details actual faults found after transformer disassembly. These DGA data have a total of 201, covering six faults classes.
C. DIAGNOSTIC RESULT
Interpret the above 201 DGA data with IEC Ratio Method, Mansour Pentagon Method, David Triangle Method and the method proposed in this paper respectively, and the correct rate of each method is shown in Table 5 . The correct rate of each fault type for each method is shown in Table 6 and Figure 1 . PD denotes partial discharge, D1denotes spark discharge, D2 denotes arc discharge, T1, T2, and T3 denote Low-, mid-, high-temperature overheating respectively. Because data for T1 and T2 are not separated in IEC TC 10 Databases [18] , the two faults are not diagnosed separately, but denote as 'T1 and T2'.
The test results show that the method in this paper has a high recognition accuracy rate for various faults, and outperformed the other methods.
D. DISCUSSION
The Duval Triangle Method also yields good results, but data near the boundaries are prone to misjudgment. Although spark and arc discharge, also known as low-and high-energy discharge respectively, are divided by a clear line in the Duval Triangle, the differences between them are not physically clear, and the data are overlap between the two fault type, as is shown in Figure 2 . Those data that exceed the boundaries are misjudged. Strict boundaries also exist in the Mansour Pentagon, and overlap area is larger, so more data are misinterpreted, as is shown in Figure 3 . This also holds for the thermal faults, whose differences are also not physically clear. There is a fuzzy transitional area between fault types, and it is more reasonable to interpret DGA data with membership degree, as is shown in the following example.
The method of this paper can identify the trend of fault development. Abnormal growth of oil chromatogram data occurred for a transformer in the appendix of [22] , and the electrical test found that the grounding current of the transformer was abnormal. Returning to the factory for inspection, it was found that the core screw was in contact with the iron yoke caused by damaged insulation. This was a thermal fault caused by multi-point grounding of the core. The Oil DGA data before the transformer exits the operation are shown in Table 7 . 'Delt gas' denotes the increased gas between 2011.07.21 and 2011.07.27. Interpret these two DGA data with the proposed method of this paper, and their membership to each reference fault is shown in Table 8 .
The DGA data of July 21 shows that the transformer fault is 32.58% Low-temperature overheating, and 32.95% Mid-temperature overheating and 29.79% High-temperature overheating. After six days, more fault gases accumulated in the oil, and the fault characteristics became clear, and the fault is interpreted as 34.72% Mid-temperature overheating and 45.76% High-temperature overheating. Diagnostic result shifts from lower temperature fault toward a higher temperature fault. If the effect of residual gas is excluded, only the increased gas (Delt gas) is considered, then the interpretation is 31.37% Mid-temperature overheating and 59.91% High-temperature overheating. Therefore, the fault is between medium temperature overheating and high temperature overheating, and is more biased toward the high temperature side.
Mansour Pentagon Method and David Triangle Method also reveal the same fault trend in their graphs for the three DGA data, as is shown in Figure 4 . The DGA data moving from a low temperature zone to a high temperature zone, and this consists with the results of the proposed method of this paper. In this way, membership describes the type and severity of the fault in more detail.
In addition, it is worth noting when using the method of this paper that if the degree of membership is almost equally divided into three types of faults, such as the case of July 21 above, this may be due to the fault feature being masked by residual gas, and it is recommended to further test the transformer and use incremental gas for analysis.
In normal operation, the insulating oil and organic insulating materials inside the oil-filled transformers generate gases under the actions of heat and electricity. Therefore, warning values are set in practice [1] , including gas content and gas growth-rate warning values. Just like the David Triangle Method, IEC Ratio Method and other conventional DGA interpretation method, fault diagnostics with the proposed method is enabled only when the gas properties exceed the warning values and the gas content continues to increase, indicating that the transformer does have a fault. 
V. CONCLUSIONS
Interpretation of Oil chromatography data is the key step of dissolved gas analysis in transformer. The conventional DGA interpretation methods are prone to misinterpreting the gas data near the ratio boundaries, and the fault diagnosis accuracy rate of these methods is relatively low. Intelligent approaches are also available for transformer fault diagnosis, but they are usually too complicated to be implemented practically on a wide range. This paper proposes a new DGA interpretation method for oil impregnated transformers. A reference fault set is obtained from a large amount of DGA data by statistical screening and clustering, and the interpretation is implemented by calculating the membership of the DGA data to the fault set. Test with credible DGA dataset (201 field cases) shows that the correct rate of the new method is 89%, while David triangle method is 79% and IEC Ratio method is 59%, which demonstrate the superiority of the proposed method to the conventional ones. This method overcomes the defect that the conventional DGA analysis method is easy to misjudgment near the boundaries, and can provide detailed information on the type and severity of the fault. Besides, this method is simple and practical, not as complicated as SVM, ANN and other intelligent algorithms, which indicates a good application prospect in engineering practice.
APPENDIX
See Table 9 .
